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Elderly falls are a serious global problem. 
For example, one third of Americans aged 
65 and older fall each year1 with 30 percent 
of these resulting in moderate to severe in-
juries, including hip fractures and traumatic 
brain injury2. Falls, and fall-related injuries, 
are associated with an increased use of 
health care services and high health care 
costs. The average fall-related hospital ad-
mission rate among older adults in the Unit-
ed Kingdom is 169 per 10,000 population3 ; 
in British Columbia, Canada, this rate is 155 
per 10,000 population4 ; and in Western 
Australia this rate is 297 per 10,000 popula-
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M.E. Bowen, J. Craighead, C.A. Wingrave, W.D. Kearns. Real-Time Locating 
Systems (RTLS) to improve fall detection. Gerontechnology 2010; 9(4):464-471 
doi:10.4017/gt.2010.09.04.005.00  Objective  To determine whether a Real Time Locating 
System (RTLS) can be used to accurately detect a fall and discuss the applica-
tion of RTLS as a fall detection system in the home and health care environ-
ments. Methods  Phase I used a mannequin to determine the feasibility of RTLS 
to detect a fall from three positional conditions of: standing, seated in a wheel-
chair, and laying on a bed. Phase II used a human subject to be an ecologically 
valid simulation of a fall from these conditions. Ten trials of each of these three 
conditions were conducted across subjects. The observed time of the fall (the 
‘gold standard’) was compared with the RTLS tag position. A Receiver Operating 
Characteristic (ROC) curve was used to report the Area Under the Curve (AUC) 
with 95% confidence intervals (CI) and Cohen’s kappa (ϰ) was used to examine 
inter-rater reliability between the observed fall and the fall detected by the RTLS. 
Results RTLS accurately identified 89% (p≤0.001) of the mannequin falls and 80% 
(p≤0.001) of the human falls. Across subjects there were low false positive rates 
(specificity); 17% for the mannequin and 16% for the human. Interrater reliability 
was very good (ϰ=0.82; CI: 0.80-0.84) for mannequin falls and good (ϰ =0.72; CI: 
0.69-0.74) for human falls. Implications RTLS technology may be used to improve 
caregiver and staff response times, patient-care, and reduce health care costs as-
sociated with falls in later life.
Keywords: health care, elderly, radio-frequency identification devices (RFID)
Real-Time Locating Systems (RTLS)
to improve fall detection
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tion5. The average length of hospital stay for 
an older adult who falls is 4-15 days4-9. This 
average increases to 20 days with an injuri-
ous fall (for instance, hip fracture)10. Among 
adults aged 65 and older in the United States 
and Canada, fall-related injuries account for 
6-7% of all hospitalizations and more than 
50% of all hospitalizations due to acciden-
tal injuries4, 6. In Finland and Australia, the 
average cost per fall among adults aged 65 
and older ranges from US$1,050-$3,600 
11-12. The average cost for an injurious fall 
ranges from US$6,500-7,5006, 13, with inju-
rious falls accounting for 70 percent of total 
inpatient costs13. In 2000, total direct costs 
for fall injuries among older Americans ex-
ceeded $19 billion14.
Fall risks include muscle weakness or gait 
problems, visual impairment, dementia or 
cognitive impairment, medical conditions, 
and use of sedatives15. Long-term care resi-
dents are two times more likely than their 
community-dwelling counterparts to fall 
and falls are the most commonly reported 
adverse event in long-term care facilities15. 
In nursing facilities, fall risk is increased dur-
ing periods of low supervision -- when staff-
ing is low due to breaks and shift changes16. 
For example, many falls occur during unsu-
pervised transfers in and out of a wheelchair 
or bed17. For a 100-bed facility, fall estimates 
range from 100-200 falls/year18. In the Vet-
erans Health Administration (VHA), the fall 
rate is about 10%19-20. Due to under-report-
ing, these statistics may actually underesti-
mate fall incidence18. The aim of this study is 
to determine the feasibility of a real-time lo-
cating system (RTLS), a tracking technology, 
to detect falls and discuss how this technol-
ogy may improve patient care and effective-
ly reduce fall-related health care costs.  
A review of trAcking technologies
A variety of low- and high-tech tools have 
been employed to both reduce the rate of 
injurious falls and alert caregivers, staff, and 
emergency responders to a fall. Examples 
include grab bars, raised toilet seats, low 
beds, handrails in hallways, and other envi-
ronmental changes to promote safe transfers 
and ambulation in home and nursing facili-
ties17. Recent work shows that hip protec-
tors significantly reduce injurious fall risk21 
whereas previous tools such as wheelchair 
and bed restraints may actually increase 
fall risk and death and are no longer rec-
ommended22 .To evaluate balance, gait, 
and subsequent fall risk, wireless sensors 
installed in carpets, clothing, and rooms 
can be installed in the home23. Other de-
vices, such as video monitoring systems are 
in development to alert caregivers and staff 
to a fall and to determine the type of assist-
ance required24-25. However, some of these 
video monitoring systems can be invasive as 
they identify older adults and record their 
movements over time. Computer vision can 
be cheap with commodity cameras but is 
currently not a robust technology; existing 
systems are sensitive to changing lighting 
conditions and often generate false positives, 
such as when large pets are in view. Medi-
cal alert devices such as Lifeline26, consist-
ing of a wearable panic button linked to a 
live operator, may be helpful in home and 
health care environments. However, older 
adults with impaired cognition may not be 
able to use these properly after a fall occurs.
The interactive computer graphics commu-
nity commonly uses multiple tracking tech-
nologies to identify points in space27. The 
technologies use a variety of approaches 
and vary widely in their performance and 
limitations. Typically, these devices track in 
only a small and instrumented area (com-
mon tracked areas are about 25.4x25.4 cm), 
have interference problems that must be de-
signed for and are expensive; but, these are 
fairly accurate and have fast updates. Recent 
approaches use commodity hardware to ap-
proach similar results at lower costs and with 
less instrumentation, potentially allowing for 
ubiquitous tracking28. Ultimately, the track-
ing technology chosen is dependent upon 
the project tasks and tradeoffs in design. 
A review of these technologies28 demon-
strates that historically, there has been no 
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technology that fulfills the criteria necessary 
for monitoring older adults in the home and 
health care environments. This would require 
small, wireless, wide-area tracking, with no 
line of sight issues and good accuracy. A 
recent tracking technology, the Ubisense29 
real-time locating system (RTLS) may be an 
exception. This system is currently used to 
track asset movement, such as goods in a 
warehouse. Where previous systems (infra-
red, visible light, ultrasonic) were blocked by 
walls or had short ranges (magnetic), the ul-
tra-wideband radio signals used by Ubisense 
are highly resistant to obstruction and attenu-
ation because of the innate characteristics of 
the signal. This allows it to better penetrate 
walls, furniture, and track large areas. As such, 
one system could potentially cover multiple 
rooms (in the home or a nursing facility) as 
opposed to requiring a separate system for 
each room. Additionally, these systems use 
compact wireless tags. By embedding these 
tags in objects such as wristbands, move-
ments of residents in long-term care facilities 
can be non-invasively monitored, recording 
their location, time of day, and storing this 
information for later analysis30. 
Some health care facilities, including the 
VHA, are implementing these systems to 
monitor and track missing or incapacitated 
patients. Thus, if feasible as a fall detection 
technology, the Ubisense system may be 
dual-use, which would significantly reduce 
implementation costs. Though each site dif-
fers, implementing this system in a small 
home, and assuming some wall penetration, 
would cost about US$10,000 (US$1,500/
sensor, US$100/tag)31. While there is no 
‘typical’ nursing facility (the number of pa-
tients and beds vary as does wall penetra-
tion – some walls are firewalls and would 
block the ultra-wideband radio frequency 
signal) costs to implement this system on 
one unit or floor (for instance, hallways, ac-
tivity and eating areas, around the nursing 
station) would be similar to a small home. 
The aim of this study is to use height data 
to build on existing research and examine 
whether RTLS may also be used to detect 
falls. Phase I of this study uses a mannequin 
to determine whether RTLS may be used to 
detect falls from three positional conditions 
of: standing, seated in a wheelchair, and lay-
ing on a bed. After feasibility is determined, 
phase II repeats these tests with a human 
subject. The observed time of the fall (the 
‘gold standard’) is compared with the RTLS 
position tags. It was expected that RTLS 
would accurately detect falls across these 
three positions and have high inter-rater reli-
ability. If RTLS technology accurately detects 
falls, this study’s findings may be used to im-
prove caregiver and staff response times to 
a fall, thereby improving patient-care and 
reducing associated health care costs.
Methodology
Setting
A lab equipped with four active Ubisense29 
RTLS sensors was used in this study. The 
Ubisense system was used because it is an 
existing RTLS technology that was devel-
oped for wide area tracking and can track 
the position of a tag in three dimensions to 
within 25.4 cm of its actual position, as de-
fined in reference to a system wide origin 
point32. The Ubisense system is capable of 
providing location updates at 40Hz, how-
ever, for this experiment an update rate of 
4Hz was used. In terms of applicability to 
a health care environment, Ubisense also 
has low power requirements and multiple 
tracked points which do not interfere with 
sensitive medical equipment30. A single 
Ubisense compact tag was placed on the 
wrist of the human subject and the man-
nequin during the experiment. Data col-
lection was performed using a Dell laptop 
computer running Windows XP, Ubisense’s 
Location Engine software version 2.1.4, and 
a custom application developed by one of 
the authors (JDC) that recorded the X,Y,Z 
position of tags into a SQLite database. The 
Ubisense system that is installed in the lab 
is only calibrated when the hardware con-
figuration changes. System calibration is a 
function built in to the Ubisense Location 
Engine software. For this experiment no cali-
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bration was performed. Lastly, a wheelchair 
and hospital bed was used to simulate a fall 
from seated and laying positions. It should 
be noted that the system calibration is in-
variant to the height of the object to which a 
tag is attached.
Subjects
A mannequin was initially used as a proxy for 
a human subject to test the feasibility of RTLS 
to detect falls from three positions (standing, 
seated in a wheelchair, and laying on a bed). 
Following determination of proof of concept, 
the experiment was repeated with a healthy 
human subject (female, age 30) using a 
floor mat to prevent injury. The study was 
approved by the IRB (Integrity of Research 
Board, a medico-ethical committee) at the 
University of South Florida in Tampa, FL and 
the Research and Development Committee 
at the JAHVH in Tampa, FL, USA.
Data collection instruments
RTLS compact tags were fitted to the wrist of 
the mannequin and human subject (Figure 
1). Compact tag location was automatically 
determined with reference to the known 
sensor locations using Ubisense software. 
Data collection protocol
The accuracy of the RTLS equipment was 
checked at the start of the study to ensure x, 
y, and z coordinates accurately represented 
the relative position of the compact tag in all 
three dimensions.
In phase I, the mannequin was dropped 
from a standing position and pushed from a 
seated position in a wheelchair and a laying 
position in a bed. Each condition’s ten trials, 
standing first followed by sitting followed by 
laying, were conducted with the mannequin 
held in each condition for 5 to 10 seconds 
before being dropped or pushed. Data were 
continuously collected across a roughly two 
hour time period for each subject, with the 
simulated fall data interspersed in that con-
tinuous data stream. 
Data reduction and analysis
Data points generated from tags were plot-
ted to determine the altitude of the compact 
tags. Analyses were conducted using SAS 
software version 9.233. A Receiver Operat-
ing Characteristic (ROC) curve, most often 
used in medical research to evaluate diag-
nostic tests, was used to evaluate the ability 
of RTLS to discriminate between a fall and 
no fall. ROC curves were used to determine 
the best cutoff to maximize sensitivity and 
specificity. ROC curves report the Area 
Under the Curve (AUC), graphically depict-
ing the true positive rate (sensitivity) by the 
false positive rate (1-specificity; Figure 2) as 
its discrimination cutoff is varied with 95% 
confidence intervals (CI). Cutoff points max-
imized the AUC for each position by sub-
ject (Table 1). Cohen’s kappa (κ) was used 
to determine inter-rater reliability between 
the record of the observed fall (the ‘golden 
standard’) and the RTLS tag position. This 
approach represents the simplest classifica-
tion possible. Algorithms incorporating time 
and positional change could easily improve 
recognition.34-35
results
Mannequin
When the mannequin was held upright in 
a standing position, seated in a wheelchair, 
or laying on the bed, the compact tag fit-
ted on the mannequin’s wrist was about 0.5 
meters above the floor. Across all positions, 
Figure 1. RTLS wristband with compact tag used 
in this study. It is both small and wireless, making 
it useful in this domain
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RTLS accurately identified 89% (p≤0.001) of 
the mannequin falls using an overall cutoff 
value of 0.1 meters (Table 1).
In the mannequin falls there was a low false 
positive rate (specificity). Overall 17% of 
cases were identified by RTLS as a fall when 
there actually was none. There was also 
very good (ϰ=0.82; CI: 0.80-0.84) inter-rater 
reliability between observed falls and RTLS 
detected falls. 
Human 
With the human subject moving about the 
lab during the continuous data collection, 
the compact tag fitted on the human sub-
ject’s wrist varied between 0.6 and 1.6 me-
ters above the floor. As with the mannequin 
trials, human testing showed that, across all 
positions, RTLS positively identified 80% 
(p≤0.001) of human falls using an overall 
cutoff value of 0.2 meters (Table 1). For ex-
ample, as the AUC in the ROC curve (Figure 
2) depicts, RTLS had high sensitivity and spe-
cificity, significantly detecting 94% of falls 
from a laying (bed) position. The AUC for 
human falls was less than that of the man-
nequin falls. In the human trials there was a 
low false positive rate (specificity). Overall, 
16% of cases were identified by RTLS as fall 
when there actually was none. The higher 
false positive rate may be due to sensor vis-
ibility. The signal from the RTLS tag passes 
through the mannequin (made of plastic) 
better than a human (consisting mostly of 
water). Over the course of the testing, the 
human moved throughout the lab, bend-
ing over, swinging arms, and making other 
movements to test the movement of the po-
sition of the tag in space. These movements 
had little or no effect on the ability of the 
RTLS system to detect falls. There was good 
(ϰ =0.72; CI: 0.69-0.74) inter-rater reliability 
between the observed falls and RTLS de-
tected falls in human trials. 
discussion
This study extends the current application of 
RTLS by examining its feasibility as a fall de-
tection method. Using a mannequin and hu-
man subject, RTLS accurately detected a fall 
from three positional conditions of: standing, 
seated in a wheelchair, and laying on a bed 
with high inter-rater reliability. The AUC was 
high and the false positive rate (specificity) 
Figure 2. Results from an ROC curve depicting a 
human fall from a laying position
Table 1. ROC (Receiver Operating Characteristic)  curve results across mannequin and human subject 
trials by position, based on 10 trials of each position per subject; AUC=area under the curve; 
CI=confidence interval; Sensitivity=True position rate; Specificity=False positive rate 
Position 
Mannequin Human subject 
AUC (CI) Sensitivity Specificity Cutoff AUC (CI) Sensitivity Specificity Cutoff 
Standing 
0.86 
(0.81-0.92) 0.96 0.22 0.1 
0.80 
(0.67-0.94) 0.82 0.21 0.2 
Sitting 0.90 
(0.86-0.93) 
1.00 0.20 0.1 0.77 
(0.66-0.88) 
0.71 0.17 0.2 
Laying 
0.89 
(0.83-0.95) 0.91 0.13 0.2 
0.95 
(0.92-0.98) 1.00 0.10 0.2 
Overall 0.89 
(0.85-0.93) 
0.95 0.17 0.1 0.80 
(0.73-0.78) 
0.77 0.16 0.2 
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was low for both the mannequin and human 
subject trials. There was some evidence that 
RTLS is better able to distinguish a man-
nequin fall than a human fall. This is likely 
because it is more difficult for the sensors 
to detect the position of the tag through a 
human subject when compared to a man-
nequin. The next phase of this research is to 
examine the ability of RTLS to detect falls in 
a clinical setting with multiple people over 
time. Additionally, algorithms such as those 
used for handwriting recognition and 3D 
hand gestures will be applied to improve the 
recognition accuracy34-35.
The findings from this study suggest that RTLS 
may be used to improve fall detection in 
home and health care environments. When 
properly integrated with alarm systems, RTLS 
may be useful to alert caregivers and staff, ef-
fectively reducing response time. This is im-
portant as an older adult who falls and does 
not receive prompt medical attention may 
suffer more severe injury or even death36. 
Additionally, some older adults are afraid of 
falling37 and this fear of falling is associated 
with decreased mobility and functioning38. 
RTLS may reduce these fears, adding a layer 
of security for the older adult living alone. In 
nursing facilities, RTLS has the potential to 
simultaneously monitor multiple at-risk older 
adults, covering a wide area. Thus, RTLS may 
be particularly useful during harried periods 
of the day and when nursing facilities are 
short on staff. Lastly, as some falls go unre-
ported, some nursing facilities may also use 
RTLS to determine fall incidence and moni-
tor changes in fall rates over time.
Several limitations should be considered 
when interpreting the results of this study. 
First, we only tested Ubisense equipment. 
This study used Ubisense equipment be-
cause it is an active RTLS system with wide 
range capability that has been shown to 
accurately track multiple people over time, 
characteristics that make this system feasi-
ble for use in a health care setting30. To our 
knowledge, there are no other RTLS systems 
with this capability. However, similar to oth-
er systems and devices (for instance, Life-
line), some older adults with cognitive im-
pairment may forget to wear the wristband. 
This is more likely to be an issue in the home 
environment as opposed to nursing facilities 
where staff can better ensure adherence. 
Second, as this was a feasibility study, this 
study tested only a mannequin and human 
subject in the lab. Finally, the human testing 
in this study consisted of continuous move-
ment around the lab and results suggest that 
bending and other low positions had little to 
no effect on the ability of RTLS to accurately 
detect a fall. However, future work incorpo-
rating time and positional change into the 
algorithm could better address this issue.
Despite these limitations, this study’s find-
ings suggest that RTLS is an accurate fall de-
tection method. Given that falls in later life 
are associated with an increased risk for de-
pendence, institutionalization, and mortality, 
this study’s findings have important impli-
cations for older adults and their caregiv-
ers living at home and in nursing facilities. 
In the home, RTLS may effectively reduce 
caregiver burden and stress, adding a layer 
of security that effectively reduces the level 
of vigilance required when taking care of a 
frail older adult. As an additional safeguard, 
RTLS may also reduce the older adult’s fear 
of falling. In a nursing facility, RTLS may be 
used by staff to monitor multiple residents 
at once over a wide area. When properly 
integrated into an alarming system, RTLS 
has additional implications, potentially alert-
ing staff to a fall and ensuring a prompt fall 
response.
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